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ABSTRACT

Recently, spatial integration for mineral exploration is regarded as an important task of various geological
applications of GIS. Therefore, theoretical bases of data representation and reasoning concemed with
Dempster-Shafer theory and Fuzzy theory were systematically explained as the data—driven integration
methodologies for raster-based geoinformation; they are distinguished from target-driven methodology based on
statistical background According to previous actual applications of these methods to mineral exploration, they have
been proven to provide useful information related to hidden target mineral deposits, and it is thought that some
suggestions in this study are helpful to further real applications including representation, reasoning, and
interpretation stages in order to obtain a decision-supporting layer.
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